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Abstract— Recent works have proved that combining spatial
and temporal visual cues can significantly improve the per-
formance of various vision-based robotic systems. However,
for the ultrasonic sensors used in most robotic tasks (e.g.
collision avoidance, localization and navigation), there is a lack
of benchmark ultrasonic datasets that consist of spatial and
temporal data to verify the usability of spatial and temporal
ultrasonic cues. In this paper, we are the first to propose a
Spatio-Temporal Ultrasonic Dataset (STUD), which aims to
develop the ability of ultrasonic sensors by mining spatial and
temporal information from multiple ultrasonic measurements.
In particular, we first propose a novel Spatio-Temporal (ST)
ultrasonic data gathering scheme, in which an innovatory data
instance is designed. Besides, part of the data in the STUD is
collected in a robot simulator, in which a well-designed corridor
map is utilized to increase the data diversity. Then a selection
algorithm is proposed to find a proper length of data sequences
to obtain the best description of the navigation environments.
Finally, we present an end-to-end learning benchmark model
that learns driving policies by extracting spatial and temporal
ultrasonic cues from the STUD. With the help of our STUD and
this benchmark model, more powerful deep neural networks
can be trained for addressing the tasks of indoor navigation
or motion planning of mobile robots, which is unachievable by
using the existing ultrasonic datasets. Comparison experiments
verified the effectiveness of spatial and temporal ultrasonic cues
for the robot driving policy learning.

SUPPLEMENTARY MATERIAL

This project is available at https://github.
com/wsustcid/Sonar-Navigation and the
supplementary videos are provided at https:
//www.youtube.com/playlist?list=
PLweet7mVDeyDIx8R3KVL7kiTI5oDJ-QRO.

I. INTRODUCTION

In recent years, deep learning has achieved great success
in various domains, which is mainly due to advances in
two aspects: the use of large-scale standard datasets and the
powerful hierarchical feature learning ability of deep learning
models [1]. In the field of robotics, learning-based methods,
especially driving policy learning, also have received consid-
erable attention. Driving policy learning [2], [3], [4] attempts
to train a driving model from the raw sensor outputs labeled
with human driver behaviors, which has demonstrated its
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Fig. 1. In this paper, we collected a Spatio-Temporal Ultrasonic Dataset
(STUD) to teach the mobile robot to drive in unknown indoor environments
autonomously. This is inspired by the phenomenon that bats are able to
navigate in complex environments by extracting spatial and temporal cues
from sonar echoes.

tremendous advantages over the traditional “map-localize-
plan” methods when tackling robot navigation tasks.

There are various types of datasets, such as Commma.ai
[5], DDD17 [6] and Drive360 [7], which can be used
to address the issue of driving policy learning in urban
environments. However, with the development of indoor
mobile robots, there is a growing need for cost-effective, low
redundancy and fairly accurate indoor navigation datasets
in various indoor robotic applications, e.g. surveillance of
indoor environments, inspection of chemical and nuclear
plants and tour-guide in museums.

To make the robot safely and autonomously navigate in
complex and dynamic indoor environments, there are many
choices of sensors including cameras, lidars and ultrasonic
sensors that can be equipped on a mobile robot to sense
its surrounding environments. Ultrasonic sensor used to be
a major range sensor and plays an important role in the
tasks of detection [8], localization [9], and navigation [10].
However, most of the current works mainly focus on learning
driving policies from visual sensors since the early works
[11], [12] have shown that the driving models learned from
the raw ultrasonic data can only work in simple scenarios.
Inspired by the fact that bats can navigate through complex
environments by computing a three-dimensional (3-D) acous-
tic spatial landmarks based on the direction and distance
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information extracted from sonar echos (illustrated in Fig.
1), we argue that extracting spatial and temporal cues
from the raw ultrasonic data is a promising solution to
boost performance of ultrasonic sensors.

Recent works [13], [14], [15] have proved that spatial
and temporal visual cues are critically important for the
driving policy learning. However, different from the common
Spatio-Temporal (ST) visual data, the spatial and temporal
information in ultrasonic data is usually hard to be captured,
and there is no research that focuses on how to collect ST
ultrasonic data. Furthermore, there is no corresponding deep
learning model to learn driving policies from the spatial and
temporal ultrasonic cues.

In consequence, the above discussions suggest that there
is an urgent need to collect a Spatio-Temporal Ultrasonic
Dataset (STUD) to address various indoor navigation tasks.
Thus, this paper offers a standard STUD which includes
both ST ultrasonic range data and corresponding human
driver behaviors. Specially, we first introduce an innovatory
data instance that simultaneously keeps spatial proximity,
temporal correlations and corresponding human driver be-
haviors. Furthermore, in order to increase the diversity of
data, part of the data in the STUD is collected in a robot
simulator, in which a well-designed corridor map is utilized.
Considering that there are multiple lengths to choose from
the data sequence in each ST data instance, we propose a
selection algorithm to find a proper length. Then the best
description of the navigation environments can be obtained
from data sequences of that length. Finally, an end-to-end
learning system that learns driving policies from STUD by
extracting spatial and temporal ultrasonic cues is presented.
Both the evaluation results on the test data and the driving
experiments in the simulator verified the effectiveness of
spatial and temporal ultrasonic cues for the driving policy
learning.

A. Contributions

Compared with existing works, the contributions of this
paper are summarized as follows:

• First work. To the best of our knowledge, this is the first
work that offers STUD for addressing indoor navigation
tasks.

• Benchmark model. We give a benchmark model that
learns driving policies from spatial and temporal cues.
With the help of this benchmark model and the STUD,
more powerful deep learning models can be trained for
boosting performance of ultrasonic sensors.

• Dataset enhancement. A custom simulator map that
contains more than 30 typical driving scenarios is uti-
lized in the collection of the STUD to reduce duplicate
data in real scenarios.

The rest of the paper is organized as follows: Section II
reviews the related works, Section III describes the construc-
tion of the STUD, Section IV details our experiments, and
Section V concludes this paper.

II. RELATED WORK

The approaches of robot navigation are associated with
the types of sensor which we use. In this section, we investi-
gate the existing ultrasonic-based navigation approaches and
dataset which can be used for the driving policy learning.

A. Ultrasonic-based Navigation

A relatively simple ultrasonic-based navigation approach
is the well-known ”wall-following” strategy [16], [17], which
usually consists of a fuzzy controller to drive the robot
along the walls of a room. It tends to fail when the wall
is not continuous, such as opened doors and narrow spaces.
However, mobile robots are often required to navigate in
more complex and dynamic environments. To cope with
these difficulties, some neural network-based systems for
learning more robust driving models have been proposed
in [11], [12], [18], in which the robot navigation tasks are
formulated as a pattern classification problem. In [18], four
standard neural architectures are proposed to map the raw
ultrasonic data to four predetermined action categories. It
is worth mentioning that this paper also investigates the
influence of short-term memory (STM) mechanisms in the
learning of sensory inputs. The obtained results suggest that
STM mechanisms improve the performance of classifiers
in the robot navigation tasks, which partially verified the
hypothesis we proposed before.

In addition, the recent literature [19], [20], [21] has proved
that the biomimetic approach combined with ultrasonic
pulse-echo sensing is a valid option for various robotic
applications. A biomimetic sonar-based Simultaneous Local-
ization and Mapping (SLAM) system, called BatSLAM, is
proposed in [19]. Experimental results show that sufficient
information can be acquired from this system to construct a
map of an unmodified office environments. [22] shows that
the cues extracted from the acoustic flow provided by a 3-D
sonar sensor can be directly used in the motion control of a
mobile robot. All of these systems utilize multiple emitters
and receivers to extract 2-D or 3-D position information
from which we can infer that spatial and temporal ultrasonic
data is indispensable to acquire a rich description of the
environment. However, the systems mentioned above are all
based on the particular designed sonar sensors, which hinders
the applications of mobile robots in our daily life.

For these reasons, in this paper, we focus on developing
the ability of traditional ultrasonic sensors by mining spatial
and temporal information of multiple ultrasonic measure-
ments to facilitate the learning of driving policies in the robot
navigation tasks.

B. Ultrasoinc Dataset

To our knowledge, there is only one public ultrasonic
dataset released on the UC Irvine Machine Learning Reposi-
tory [23]. This dataset performs poorly when applied to learn
driving policies because of the following reasons.
• The scale of the dataset is too small (5456 data samples).

Modern deep learning models cannot be well trained
based on this dataset and thus intelligent interactions
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Fig. 2. Our data collection platform equipped with multiple sensors.

between the robot and the environment cannot be real-
ized.

• This dataset is collected by hard-coded driving strategies
rather than more accurate human driver actions, which
may cause the navigation information inaccurate enough
and significant degradation of performance when driv-
ing in dynamic scenarios.

• The labels of the data instances in the current dataset are
discrete whereas the motion of mobile robots is usually
in continuous action space, which introduces additional
difficulties in the driving policy learning and leads that
the mobile robot cannot drive along a smooth path.

In this paper, we tackle these problems by collecting a
standard STUD which includes both ST ultrasonic range data
and corresponding continuous human driver behaviors.

III. DATASET

In this section, we aim to construct a novel STUD to
address the problem of driving policy learning in indoor
navigation tasks. We first introduce our data collection
platform in Section III-A. Section III-B gives a pipeline of
constructing a new type of ST data instance, which differs
from the construction of the traditional ST data instance. Two
types of ST data representations are shown in Section III-C.
Based on these data representations, a proper deep learning
model can be designed according to different application
scenarios. Finally, in Section III-D, a custom simulator map
is utilized to improve the diversity of our dataset.

A. Platform

As illustrated in Fig. 2, our data collection platform is a
refitted Pioneer-3DX wheeled mobile robot equipped with
multiple sensors. A Velodyne VLP-16 laster scanner and a
ZED stereo camera installed on the top layer of the robot
are used to collect high-precision 3-D point clouds and
video frames, respectively. The 2-D point cloud data of
the surrounding environments can be acquired by sixteen
ultrasonic sensors located on the front (6), back (6), and
bilateral sides (4) of the robot. In addition, an NVIDIA Jetson
TX2 equipped on the middle layer of the robot is utilized
as its onboard controller, and the linear and angular velocity
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Fig. 3. The pipeline of data processing when constructing a DST data
instance.

control of the robot is implemented by a human driver via a
wireless joystick.

In this paper, we focus on collecting ST ultrasonic data to
develop the ability of traditional ultrasonic sensors, thus only
the sixteen ultrasonic sensors are utilized in our experiments.
The frequency of the ultrasonic sensor is 10 Hz and the
sensing range is from 0.15m to 5m with 360 degrees field
of view (FOV) in the horizontal plane. To construct a STUD
that can be used for training driving models, the control
commands (linear and angular velocity) published by the
joystick are recorded as learnable labels.

B. ST Ultrasoinc Data Instance Construction

In supervised learning, the data instance is a set of values
or features with a label. In this subsection, we introduce the
pipeline of constructing an ST data instance by using a new
type of ST raster data, as shown in Fig. 3. The classical ST
raster data can be represented as a matrix where each cell
(or pixel) consists of the value measured at fixed locations
and fixed time of a continuous or discrete ST domain. For
example, the traffic flow ST raster data can be collected
by the sensors deployed at fixed locations of a road in a
whole day. Similarly, the spatial proximity and temporal
correlations can be preserved if we store the raw ultrasonic
data with the ST raster data type. However, the position
of each ultrasonic sensor changes dynamically as the robot
moves, the length of the historical ultrasonic sequence is
different at each sampling time. In order to save both spatial
and temporal information, we use a FIFO queue to construct
an ST data instance and we call it Dynamic Spatio-Temporal
(DST) raster data. Overall, there are three main steps of
constructing the DST data instance.

Distance calculation. To reduce computation costs and
leverage ultrasonic point clouds information more effectively,
we use Euclidean distance to represent the distance between
the robot and the surrounding objects (wall, door, pedestrian,
etc). The euclidean distance di can be calculated from the raw
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Fig. 4. Three examples of ST ultrasonic data instance with 2-D represen-
tation and corresponding angular velocity of the robot at each timestamp.
As illustrated in this figure, the dynamic environment information and the
robot’s movement are well preserved by the collected ST ultrasound data
instance.

point cloud data by the following equation:

di =
√

p2
i,0 + p2

i,1 (1)

where (pi,0, pi,1) for i = 0, . . . ,15 are the coordinates of the
reflection points with respect to the robot body coordinate
system.

Synchronization. Timestamped linear and angular veloc-
ity control commands sent by the human driver are captured
simultaneously with the ultrasonic point cloud data. Thus
the calculated distance data and the driver behaviors can be
synchronized to obtain a valid data sample for the driving
policy learning. It is worth mentioning that we keep the time
bias of each sample less than 0.1 seconds.

DST raster data. Obviously, it is impossible to achieve
the autonomous driving of the robot only by using these
sparse individual measurements of the environments. In order
to acquire more information about spatial and temporal
correlation in one data instance, we use a FIFO queue with
a fixed length to stack multiple data samples together over
a continuous sampling time. Thus that an ST data instance
can be constructed after performing enqueue and dequeue
operations at each sampling time. Moreover, the frequency
of the data collection is also 10 Hz. In the construction of
the STUD, we set the length of the queue as 48, since the
experiments in real environments show that a complete action
of the robot such as turning, acceleration and deceleration
can be achieved within 4.8 seconds.

Based on the above operations, the ST ultrasonic data
instance can be constructed from DST raster data with
different lengths according to different application scenarios.
The advantages of this kind of ST data instance construction
is that both the temporal information and the independence
of the data instances can be preserved, and the process of
data collection we proposed can be terminated and started
at any time, which is different from traditional series data
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Fig. 5. Illustration of ST ultrasonic data instance with 3-D representation.
The spatial information, short-term and long-term temporal information can
be perceived by a 3-D convolution kernel (the red cube plotted in the figure).

Fig. 6. The simulator map used in the collection of STUD (left), and
corresponding 3-D visualization model (right). About 30 common driving
scenarios are included in this map.

collection schemes.

C. DST Raster Data Representation

The performance of deep learning models depends heav-
ily on the proper representation of the input data. In this
subsection, we give two types of data representations, two
dimensional (2-D) matrix and three dimensional (3-D) tensor,
to represent the collected ST data instance. Thus, the spatial
and temporal cues during the motion of the robot can be
learned more directly by appropriate deep learning models.

For the case of 2-D matrix representation, the two dimen-
sions are sensor index and timestamp, respectively. Each
cell contains the distance between each ultrasonic sensor
and its surrounding objects at a particular timestamp. As
illustrated in Fig. 4, the 2-D matrix is an intuitive way
for data representation. In the spatial domain (rows of the
matrix), the values present high spatial correlations, as the
sixteen ultrasonic sensors measure the distances between the
robot and the surrounding targets in different directions. In
the temporal domain (columns of the matrix), the values
present high temporal correlations, since the consecutive
ultrasonic measurements change along with the motion of the
robot. Thus, the dynamic environment information generated
by the robot’s movement is well preserved by the collected
ST ultrasonic data instance. However, the long term temporal
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correlations (for example, exceed 16-time steps) in this 2-D
matrix representation are hard to be perceived.

For the case of 3-D tensor representation, we slice the
above 2-D matrix equally along the time dimension and stack
them along the third dimension which we call time index.
As shown in Fig. 5, similar to the 2-D matrix representation,
the values along the sensor index axis and timestamp axis
respectively present high spatial correlations and short-term
temporal correlations. Furthermore, the long-term temporal
information can be easily captured along the time index axis.
Therefore, the spatial information, short-term and long-term
temporal information can be jointly learned from this kind of
3-D data representation by using a 3-D convolution kernel.

It is worth mentioning that both the two kinds of data
representations are applicable to the driving policy learning
and have a satisfactory performance in our experiments. The
advantages and disadvantages of them will be discussed in
Section IV.

D. Dataset Enhancement

In order to enable the mobile robot to autonomously
drive in various complex indoor environments such as office
buildings, hospitals and museum halls, they have to acquire
the ability of moving along the corridors, turning the corners
and going through the open areas with static or dynamic
obstacles. However, the dataset collected only in the real
scenarios is not sufficient for training robots acquiring these
abilities. One problem is that there is too much redundant
data in real environments, for example, straight corridors are
usually much more than corners. Another problem is that it is
very dangerous to collect ”recovery data”, which teaches the
robot how to recover from mistakes and plays an important
role in the learning of driving policies. Therefore, in order
to increase the diversity of the dataset and safely collect
”recovery data ”, we design a simulator map including about
30 scenes that the robot may frequently encounter in the real
navigation tasks. The 2-D view and 3-D visualization are
shown in Fig. 6, and the experiments verified the effective-
ness of our custom map.

With the help of this map, a total of 45078 data instances
are collected in the simulator and real environments with
various navigation scenarios and driving behaviors.

IV. EXPERIMENTS

Apparently, collecting such a standard STUD is only
the first step in unlocking the potential of the traditional
ultrasonic sensors. The next key issue is how to design a
powerful deep learning model to extract valuable information
from this STUD. To demonstrate this, in this section, we
describe an end-to-end learning system that learns driving
policies from the ST ultrasonic data. However, most of
the existing end-to-end driving policy learning systems take
visual images as input, there is no research of the ultrasonic-
based deep learning models that we can refer to, let alone
the ST ultrasonic data.

We first formulate our driving policy learning problem in
Section IV-A. Then we investigate the evaluation metrics

Algorithm 1 Sequence Length Selection Algorithm
1: procedure SELECTION(DATA=STUD, MODEL=MLP)
2: for L=1,2,...,48 do
3: R∗L←−100, nhidden← 64
4: for i=1,2,...,13 do
5: nhidden← i∗64
6: mlp ← MODEL(nhidden)
7: for index in KFolds do
8: TrainD ← SPLID(DATA,index)
9: ValidD ← SPLID(DATA,index)

10: mlp∗ ← TRAIN(TrainD,mlp)
11: Rindex ← EVAL(ValidD,mlp∗)
12: Rnhidden = AVERAGE(Rindex)
13: if R∗L ≥ Rnhidden then
14: break;
15: else
16: R∗L← Rnhidden

17: R∗ = MAX(R∗L)
18: L∗ = MAXINDEX(R∗L)
19: return R∗, L∗

in Section IV-B. Considering that there are 48 types of
data sequences with different lengths, a sequence length
selection algorithm is presented to facilitate the driving
policy learning with a lower cost in Section IV-C. Finally,
a benchmark model that learns driving policies from spatial
and temporal ultrasonic cues is described in Section IV-D,
and its effectiveness is verified in Section IV-E.

A. Tasks

The tasks of driving policy learning can be classified
into two categories, classification task and regression task.
The classification task is to predict a probability distribution
over all predefined actions [4], [24] such as straight, stop,
left turn and right turn. The regression model is to predict
states of the vehicle in a continuous space such as steering
angle [3], [15], [25], [26] and forward speed [7], [14] which
can be directly used as control commands sending to the
vehicle. Obviously, the latter scheme is very similar to human
driver behaviors and is more suitable for driving in real
environments. Thus, we formulate our driving policy learning
problem as a regression task.

B. Evaluation Metrics

To quantify the performance of different kinds of driving
policy learning models with different types of input data (1-
D, 2-D, and 3-D), we use three metrics: Root Mean Squared
Error (RMSE), R-Squared (R2), and a modified R-Squared
(R2

M).
RMSE measures the standard deviation of the prediction

errors and is an intuitive metric for evaluating the goodness
of fit for a regression model. However, when the models are
trained with different datasets, such as the data sequences
with different lengths, a higher RMSE does not always mean
that the model fits worse.
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TABLE I
PERFORMANCE OF DIFFERENT COMBINATIONS OF BENCHMARK DRIVING MODELS WITH VARIOUS INPUT VARIATIONS.

Model Input variation Input shape RMSE MAE RRR222 RRR222
MMM Num. parameters

Constant 0 baseline – – 0.1992 0.0896 -0.0007 – –
MLP stacked sequence 192 0.0783 0.0376 0.8455 0.8448 6.21×104

MPilotNet spatial + short-term temporal 1@66×200 0.0737 0.0328 0.8542 0.8535 7.20×105

MPilotNet spatial + short-term + long-term temporal 3@66×200 0.0662 0.0274 0.8785 0.8770 7.22×105

(a) (b)

(c)

Fig. 7. The optimal metric score on RMSE (a), R2 and R2
M (b) for each

length, and corresponding hidden neuron numbers configured in the MLP
(c). The best scores are marked by the star symbols.

Thus, we use

R2 = 1− SSE
SST

= 1− ∑N
i=1(yi− ŷi)

2

∑N
i=1(yi− ȳ)2

(2)

to eliminate the impact on the regression errors due to
different sample distributions. yi and ŷi are the true value
and predictive value for the ith data sample, respectively.
ȳ is the mean value of all N data samples. SSE and SST,
respectively, are the abbreviations of the Sum of Squares
due to Error and Total sum of squares. A higher R2 score
indicates that the model fits data better.

Inspired by the adjusted R-Squared, we define

R2
M = 1− (1−R2)(N−1)

N−L∗n−1
(3)

where L is the length of the data sequence and n is the
number of ultrasonic sensors. As a complement of R2, R2

M
further evaluates the performance of models if the input types
are taken into account.

C. Sequence Length Selection

To select an optimal temporal sequence length of the input
data, we employ a 2-layer Multilayer Perceptron (MLP)
regresses angular velocity of the robot from the ST ultrasonic
data instance with different lengths. Since the Universal
Approximation Theorem in [27] states that a feed-forward
network with a single hidden layer can approximate any con-
tinuous functions. In addition, the ReLU activation function
is used in our model and a dropout layer is added after the
hidden layer to prevent overfitting.
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Fig. 8. MPilotNet is an end-to-end learning model that receives one or
multiple frames input with the size of n@66× 200 and predicts angular
velocities of the mobile robot.

Algorithm. The selection procedure is described in Algo-
rithm 1. The value of R2

M for each length L, number of hidden
neurons nhidden, and k-fold cross-validation index index are
represented by RL, Rnhidden , and Rindex, respectively. Specifi-
cally, the number of hidden neurons for each length is chosen
carefully by the idea of early stopping, in which the number
of hidden neurons will stop increasing once the evaluation
metrics of each model start to decrease. Furthermore, to get
more reliable results, 5-fold cross-validation is utilized in the
selection of hidden neuron numbers.

Training Details. All the models are trained using Adam
optimizer to minimize the Mean squared Error (MSE) loss
function and the initial learning rate is set as 0.001. The early
stopping is used to stop training by monitoring R2

M metric
on the validation data after each epoch.

Results. Finally, a total of 1280 models were trained
and the optimal length of the data sequences returned by
the Algorithm 1 is 12. More specifically, the trends of the
optimal metric score with the length increasing are displayed
in Fig. 7 (a)-(b) and the corresponding optimal hidden neuron
numbers for each model is showed in Fig. 7 (c).

However, the evaluation results on the validation data are
not sufficient to demonstrate the usability of the models.
Then we deploy these models on a robot in simulator and the
experiment results show that the MLP cannot successfully
drive the robot in the corridor environments. We suspect that
the reason is that the MLP structure is not aware of the spatial
information of the input data.

D. Driving Policy Learning

To demonstrate the effectiveness of ST ultrasonic cues, we
investigate how well driving models can achieve if the spatial
information, short-term temporal information and long-term
temporal information are respectively utilized in the driving
policy learning task.
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Fig. 9. The illustration of prediction results on the part of STUD test data for the MPilotNet with two kinds of input variations.
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Fig. 10. The motion of robot driven by MPilotNet with 2-D inputs.

Model. Inspired by valuable previous works [3] we adopt
a modified NVIDIA PilotNet for the driving policy learning.
As illustrated in Fig. 8, MPilotNet is an end-to-end learning
model that receives one or multiple frames input with the
size of n@66× 200 and predicts angular velocities of the
mobile robot. The top 3 layers of the model are stacked
convolutional layers with the kernel size of 5×5, followed
by 2 layers of 3× 3 kernels. Pooling layers are not used
and the stride steps of the first 3 layers are set as 2 to
reduce the spatial size of the representations. The number
of channels are 24, 36, 48, 64 and 64, respectively. Different
from the original PilotNet in [3], we replace the final 3
fully connected layers with 1 fully connected layer of size
512. We add a dropout layer after the flatten layer and the
FC layer, respectively, and set the dropout rate as 0.5. We
also employ a normalization layer to adjust and scale the
input data to the output interval to speed up learning. For
the STUD, we perform the operation (x−2.5)/5.0 for each
channel to regularize the input data x to [−0.5,0.5].

Input. Based on the results of Algorithm 1, we initially
decode the raw ST ultrasonic data with the length of 12 into
the matrix representation with the size of 12×16. Then the
rows and columns of the matrix are repeated 6 and 13 times,
respectively. 3 rows are cropped from top and bottom and 4
columns are cropped from left and right to resize the matrix
to fit the input shape 66×200. Thus the 2-D input data which
contains spatial and short-term temporal information can be

End

End

Start

Start

①

②

③

(a) (b)

Fig. 11. The motion of robot driven by MPilotNet with 3-D inputs. The
circles in this figure indicate that the robot can correct its driving direction
when approaching the wall.

feed into the MPilotNet to generate driving policies directly.
Besides, we make use of ST ultrasonic data with a length of
36 to capture long temporal events in case that the 2-D matrix
data representation may miss correlation information in the
long-term domain. Similarly to 2-D data representation, we
repeat and crop the raw 3-D ultrasonic tensor representation
into the size of 3@66×200.

Training Details. The models with two types of input data
are trained by the MSE loss function with the commonly
used Adam optimizer. The initial learning rate is set as
0.0001 and early stopping is used to prevent overfitting.
Finally, the model with the 2-D input data and the model
with 3-D input data stopped training after 66 epochs and 86
epochs, respectively.

Results. Table I compares MPilotNet with two types of
input variations against an MLP with 12 stacked ultrasonic
input sequences. Additionally, a constant estimator is used as
a weak baseline, which always predicts 0 as angular velocity.
We use RMSE, MAE, R2, and R2

M as evaluation metrics on
the prediction task. From these results, we can observe that
MPilotNet outperforms MLP on all metrics, which demon-
strates the importance of the spatial and temporal ultrasonic
cues in the task of driving policy learning. Furthermore, the
results on the model with 3-D input variation indicate that
using long-term temporal information can greatly improve
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the accuracy of predictions compared to using only short-
term temporal information. To better understand the regres-
sion results, we display the predictions on a part of test data
in Fig. 9. Apparently, MPilotNet able to predict very similar
actions to the human drivers in various situations.

E. Drive in Simulator
We performed our experiments on a Pioneer3-DX robot

in a driving simulator. Angular velocity are predicted by our
MPilotNet which receives ultrasonic data sequences at 10
Hz from 16 ultrasonic sensors. An illustration of the driving
environments can be found in Fig. 6. Fig. 10 and Fig. 11
indicate that MPilotNet can drive the mobile robot in the
unknown corridor environments. The main strengths of the
driving policies learned by the MPilotNet are twofold:
• The robot always drives smoothly by following the

walls even in the presence of opened doors on the two
sides, which is unachievable for the traditional ”wall-
following” strategy.

• The robot is never driven into a collision with the wall
and can correct its driving direction when approaching
the wall (see the markers indicated in Fig. 11 (a)).

It also verifies the importance of spatial and temporal infor-
mation for the driving behavior prediction.

V. CONCLUSIONS

In this paper, we collected a spatio-temporal ultrasonic
dataset called STUD to develop the ability of traditional
ultrasonic sensors, and a benchmark driving model with two
kinds of input data representations called MPilotNet was
designed to learn driving policies by mining spatial and
temporal information from the STUD. Prediction results on
the test data and experiments in our driving simulator verified
the effectiveness of using spatial and temporal ultrasonic cues
for the driving policy learning. However, there is still great
potentials for improving the performance of driving policy
learning. In future work, we will focus on training more
powerful driving models by designing more effective ways
of data representation and feature extraction.
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